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Abstract 
Theoretical models of portfolio choice that incorporate ambiguity 
predict that investors’ propensity to invest in stocks is reduced when 
ambiguity in the market increases. Although this hypothesis stems 
from the extant theoretical literature, there is no empirical work 
examining whether it is supported in the data. We test this hypothesis, 
measuring participation using equity fund flows and ambiguity with 
dispersion in analyst forecasts about aggregate returns. Our results 
confirm this hypothesis, as we show that, controlling for other factors 
that affect flows, increases in ambiguity are associated with outflows 
from equity funds. Moreover, using data from the Survey of 
Consumer Finances, we find that increases in ambiguity significantly 
reduce the likelihood that the average household invests in equities. 
 
 
 
Keywords: Stock market participation; ambiguity aversion; fund 
flows. 
 
JEL Classification: D140, D81, G11. 
 
 
 
 
  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
	  
*Warwick Business School, University of Warwick (Antoniou, corresponding author), University of Exeter 
Business School, University of Exeter (Harris and Zhang). E-mails: constantinos.antoniou@wbs.ac.uk 
(Antoniou), R.D.F.Harris@exeter.ac.uk (Harris), rgz201@exeter.ac.uk (Zhang). We thank Carol Alexander (the 
editor), two anonymous referees, Emilios Galariotis, Xing Jin, Roman Kozhan, F.Y. Eric C. Lam (discussant), 
Giakomo Nocera, Alessandro Palandri, Rajesh Tharyan, Grzegorz Trojanowski, Christophe Villa, Peter Wakker 
and seminar and conference participants at the University of Exeter, Audencia Nantes, the European Financial 
Management 2013 meeting and the 2014 Research in Behavioural Finance meeting at Erasmus University for 
useful comments and suggestions. We also thank the Investment Company Institute (ICI) for providing us with 
the data on fund flows and Mark Kamstra for sharing the data on advertising expenses. 
 
 
	  1	  
	  
1. Introduction 
 
Since the seminal work of Ellsberg (1961), research in experimental economics and 
psychology has shown that people tend to be averse to conditions of ambiguity, where the 
probabilities associated with different states of nature are unknown.1 Several authors have 
argued that ambiguity is relevant to financial markets, since the probabilities that underlie the 
distribution of asset returns are not explicitly known. Motivated by this observation, the 
notion of ambiguity has received several applications in finance.2 A robust prediction from 
theoretical models of portfolio choice is that, in the presence of ambiguity, stock market 
participation tends to be lower than predicted from the basic EU model, and negatively 
related to changes in ambiguity in the market (i.e., Dow and Werlang, 1992; Maenhout, 2004; 
Cao, Wang and Zhang, 2005; Garlappi et al., 2007; Easley and O’Hara, 2009; Epstein and 
Schneider, 2010). This prediction, however, remains untested in naturally-occurring, financial 
data. In this paper we fill this void by empirically testing the hypothesis. 
The starting point for our analysis is the notion that for non-professional investors, the 
principal avenue for stock market participation is through mutual funds. The Investment 
Company Institute (ICI) estimates that in 2011, households owned 89 percent of the mutual 
fund industry (ICI Factbook, 2012). Therefore, flows in and out of mutual funds reflect the 
active reallocation decisions of individual investors, and thus provide a direct measure of 
stock market participation. We use two empirical proxies to capture these shifts: mutual fund 
net flows, i.e. the net cash flow into equity funds, and mutual fund exchanges, i.e. the switch 
of capital between funds of different asset classes that are managed by the same investment 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1 Hsu et al. (2005) and Levy et al. (2010) present evidence that ambiguous situations produce a unique 
neurological fingerprint, suggesting that ambiguity aversion is rooted in the fundamentals of human cognition. 
See Camerer and Weber (1992) and Keren and Gerritsen (1999) for reviews of the evidence on ambiguity 
aversion. 
2	  For reviews of this literature see Mukerji and Tallon (2001), Epstein and Schneider, (2010) and Guidolin and 
Rinaldi (2013). 
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house. Whilst the first measure captures stock market participation in absolute terms, the 
second, proposed by Ben-Rephael et al. (2012), provides a stock-market participation metric 
that is relative to other asset classes. 
To test the hypothesis we require an empirical measure of ambiguity. To this end we 
rely on the measure proposed in a recent study by Anderson et al. (2009), which is based on 
dispersion in analysts’ forecasts using data from the Survey of Professional Forecasters (SPF), 
issued by the Federal Reserve. The SPF contains quarterly forecasts of GDP growth and 
inflation from different analysts, and following Anderson et al. (2009) we use the Gordon 
Growth Model to derive a forecast for aggregate stock market returns for each analyst.3 When 
dispersion among analysts regarding the future performance of stock markets is high, 
ambiguity is also likely to be high since experts have arrived at conflicting views regarding 
the fundamentals of the economy. In these conditions investors can be thought to face 
multiple plausible distributions of expected equity returns, which indicate higher ambiguity.  
This approach of measuring ambiguity, which has been employed by several other 
studies in finance (Ulrich, 2013; Drechsler, 2012; Shi, 2013), corresponds closely to the 
original definitions provided by Ellsberg (1961), who in his seminal paper noted that “.. it 
should be possible to identify “objectively” some situations likely to present high ambiguity, 
by noting situations where … expressed expectations of different individuals differ widely;” 
Ellsberg (1961, p. 660). Thus, according to Ellsberg (1961), when different individuals arrive 
at conflicting views (i.e., when dispersion is high), the underlying distribution can be 
described as more ambiguous. Moreover, this approach is in line with the asset pricing 
literature that models ambiguity as uncertainty about the model generating returns (e.g., 
Hansen and Sargent, 2001). Since each individual analyst relies on his preferred model to 
make a prediction, high dispersion between analysts signals a situation where different 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3 The forecast data is available at http://www.phil.frb.org/econ/spf/index.html. 
	  3	  
	  
models are possible and, therefore, there is increased ambiguity. We discuss this issue in 
more detail in section 3.2 of the paper.  
Using data on U.S. fund flows from the Investment Company Institute, we examine 
whether ambiguity is negatively related to capital flows into equity mutual funds. To ensure 
that the ambiguity measure we use is not simply capturing risk, we include a measure of 
market risk in our regressions, calculated as a weighted average of past daily squared excess 
market returns, as in Andersen et al. (2009). We also control for other factors that have been 
shown to be important when modelling investors decisions to change their holdings in mutual 
funds: past fund returns (Ippolito, 1992; Sirri and Tufano, 1998), capital gains ((Kamstra, 
Kramer, Levi and Wermers, 2014), past flows (Ben-Rephael, Kandel, and Wohl, 2011), 
seasonal effects (Kamstra et al., 2014), advertising expenses (Gallaher, et al., 2006), past 
market returns (Ben-Rephael, et al., 2012) and savings (Kamstra et al., 2014). Our results 
show that controlling for other factors that affect changes in flows, increases in ambiguity are 
associated with reductions in capital moving into equity mutual funds. This finding confirms 
the prediction of the theoretical ambiguity literature, that market participation is negatively 
related to ambiguity aversion.  
When we dissect equity flows into different equity categories, we find that the effect 
of ambiguity is more pronounced for funds classed as ‘aggressive growth’ and ‘growth’, 
which tend to invest more heavily in non-dividend paying firms. Such firms, which rely on 
capital gains to make payoffs to investors, can be thought of as being more ambiguous than 
dividend-paying firms. This is because dividends are relatively predictable, due to fact that 
dividend-policy tends to be “sticky” (e.g., Denis and Osobov, 2008). Our findings, therefore, 
suggest that investors perceive capital gains as more ambiguous, and therefore avoid 
‘aggressive growth’ and ‘growth’ funds in periods of high ambiguity. 
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We also analyse the effect of ambiguity on participation in non-equity mutual funds 
and find some evidence that ambiguity is negatively related to flows and exchanges into 
government and corporate fixed income funds, and positively related to exchanges into 
money market funds. This suggests that in periods of high stock market ambiguity, investors 
avoid both equities and fixed income assets, and seek the safety of a safer and more liquid 
asset class.  
Even though the Anderson et al (2009) measure corresponds closely to the definitions 
of ambiguity provided by Ellsberg (1961), there is still a concern that it may be related to 
market risk or market sentiment. Since these factors can also affect stock market participation 
decisions, we conduct additional tests to ensure that the negative relationship between 
ambiguity and participation that we document is not related to sentiment or risk. To account 
for sentiment, we repeat our baseline analysis by including two additional variables that can 
capture errors in expectations, namely the sentiment index constructed in Baker and Wurgler 
(2007), and the median SPF forecast for expected market returns.4 We find that our results 
continue to hold in this specification. In terms of risk, we estimate our baseline model using 
additional risk specifications: realized volatility, forecasts of volatility from GARCH models 
and the Chicago Board Options Exchange (CBOE) volatility index. Even though the risk 
variables are generally negative and significant, ambiguity continues to exert a significant 
negative impact on capital flows into equities in all models, which suggests that it is not 
simply capturing risk. We discuss our robustness tests in detail in section 4.5 of the paper.     
Ambiguity theories, apart from predicting a negative relationship between ambiguity 
and capital invested in equities, also predict that the proportion of households that participate 
in equities drops when ambiguity increases. Since fund flows capture this effect only 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4 High values of the Baker and Wurgler sentiment index have been argued to correspond to overly optimistic 
beliefs (Baker and Wurgler, 2006). In addition, as shown by Hribar and McInnis (2012) and Antoniou, Doukas 
and Subrahmanyam (2014), analyst optimism is also an indication of optimistic sentiment.  
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partially,5 we test this prediction more directly using data from the household of Consumer 
Finances Surveys, going back to 1990. We use a logistic model, where the dependent variable 
is a binary indicator of stock market participation. We include various control variables in the 
model that can affect participation decisions, such as risk attitude, education and income level, 
along with our ambiguity variable and controls for market risk and market trends. In line with 
our previous findings, we find that the probability that households invest in equities is 
significantly reduced when ambiguity is higher, which provides further confirmatory 
evidence that ambiguity adversely affects stock market participation.   
Various behavioural factors have been shown to affect stock market participation, 
such as social interaction (Hong et al., 2004), cognitive ability (Grinblatt et al., 2012), and 
trust (Guiso, Sapienza and Zingales, 2008). Ambiguity aversion is another behavioural factor 
that has been theoretically linked to stock-market participation (Epstein and Schneider 2010), 
but, thus far empirical tests of this prediction are mainly based on survey data, with mixed 
results. In a contemporaneous study Dimmock et al. (2013) elicit ambiguity attitudes using 
online questionnaires, and find that more ambiguity averse individuals participate less in the 
stock market. In an earlier survey-based study Guiso et al. (2008) show that ambiguity 
attitude does not affect stock market participation decisions. Our study complements this 
work by providing further empirical evidence on the effect of ambiguity on stock market 
participation, exploiting naturally-occurring financial data.6  
Our study also contributes to the literature that analyses the determinants of fund 
flows. Jain and Wu (2000) and Kacperczyk and Seru (2007) show that fund flows are related 
to funds’ advertising expenses and the ability of the fund manager, respectively. Ivkovich and 
Weisbenner (2009) show that flows are affected by past fund performance, expense ratios and 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
5	  This is because outflows will reflect both the complete withdrawal of some investors from equity markets, and 
also the scaling down of existing positions. 
6	  For other studies that provide empirical evidence on the effects of ambiguity in the marketplace see Brenner 
and Izhakian (2011), Antoniou et al. (2014) and Kelsey et al. (2008). 
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loads. Cooper et al. (2005) show that flows are affected by catering effects via name changes, 
and Kamstra et al. (2014) show that flows are affected by seasonal variations in risk aversion. 
Our study shows that flows are negatively related to ambiguity about future stock market 
returns.  
2. Ambiguity and market participation 
In this section we use a simple model with a representative agent to develop our hypothesis, 
following the exposition in Cao, Wang and Zhang (2005). As is well known, in the basic EU 
model with a one-period endowment economy, a representative CARA agent, a risky asset, r, 
with mean payoff of µ, variance σ2 and price P,7 and a risk-free rate set to zero, the optimal 
weight, D, put on the risky asset is, 	  𝐷 = !!!!!!                                                                            (1) 
D reflects the stock market participation of this agent. The agent is long (D>0) when she 
expects the premium to be positive (µ-P >0), and short (D <0) when she expects it to be 
negative (µ-P <0), proportional to her risk attitude and level of risk. Importantly, D is never 
zero so the agent is always optimally long or short in the risky asset.  
In this model it is implicitly assumed that the decision maker is able to uniquely 
estimate a conditional probability distribution for the asset payoffs, and is thus making a 
decision under conditions of risk. Ambiguity, however, is a situation in which the decision 
maker does not have enough information to arrive at a single probability distribution and 
faces a situation where multiple likelihoods can plausibly arise. In this situation, as argued 
initially by Ellsberg (1961), the agent appears to be pessimistic, making his decision based on 
the worst-case likelihood.8 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
7	  The risky asset in this framework can be thought of as the market portfolio in a CAPM-type economy.	  
8 For further discussion on max-min preferences, see the original contribution by Gilboa and Schmeidler (1989), 
and various developments and applications discussed in Epstein and Schneider (2010) and Guidolin and Rinaldi 
(2013). 
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Following Cao et al. (2005), we incorporate ambiguity in the model above by 
assuming that the agent faces multiple possible distributions for the risky asset, each with a 
different expected payoff: 𝔼! 𝑟!!!! ∈ 𝜇 − 𝛥, 𝜇 + 𝛥 .   The level of ambiguity, Δ, captures the 
lack of information regarding the mean payoff, where higher Δ is indicative of higher 
ambiguity. Being ambiguity averse, the agent will choose her market participation using the 
worst possible distribution from this set, which will result in the following: 
𝐷 = !!!! 𝜇 − ∆− 𝑃   if    𝜇 − 𝑃 > ∆0                if− ∆≤ 𝜇 − 𝑃 ≤ ∆  !!!! 𝜇 + ∆− 𝑃   if    𝜇 − 𝑃 < ∆                                                (2) 
As shown in Equation 2 the agent decides her participation using the worst case expected 
premium. When the agent is long, she expects the lowest possible premium, and when she is 
short she expects the highest possible premium. In addition, as shown initially by Dow and 
Werlang (1992), there is a “no trade-zone”, whereby, for given parameters, the agent 
rationally abstains from the risky asset altogether.  
Equation 2 nicely highlights the two facets of limited market participation due to 
ambiguity, which form the hypothesis we test in this study: 
H1: All else equal, an increase in ambiguity will result in a reduction in the amount of capital 
channeled into equity markets (1st and 3rd row).  
H2 : An increase in ambiguity will lead to a larger proportion of abstaining households (2nd 
row).  
The following sections test these hypotheses.  
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3. Data and Methodology   
3.1 Mutual Fund Flows and Exchanges  
Our main source of fund data is the Investment Company Institute (ICI), which provides 
detailed information about the monthly flows to thirty mutual fund investment categories. 
Our sample covers the period March 1985 to December 2010. For each fund category, ICI 
reports monthly data on sales, redemptions, exchanges, reinvested distributions and total net 
assets. We divide the thirty ICI investment objective categories into five groups by asset class 
using the categorization proposed by Kamstra et al. (2014), namely equity, hybrid, corporate 
fixed income, government fixed income and money market. Our main focus is the equity 
asset class, which comprises funds classified as ‘aggressive growth’, ‘growth’, ‘sector’, 
‘growth and income’, and ‘income equity’. Moreover, since the ambiguity measure that we 
construct is for the U.S. stock market, we omit the equity investment objective categories that 
represent investments outside of the U.S., i.e. ‘global equity’, ‘international equity’, ‘regional 
equity’ and ‘emerging markets’. When we analyse flows into non-equity funds we eliminate 
the ‘global bond – general’, ‘global bond – short term’ and ‘other world bond’ fund 
categories. In Table 1 we report the classification of funds by investment objective category.  
[Table 1 here] 
We compute the net cash inflow into asset class i in month t as: 𝑁𝑒𝑡  𝐹𝑙𝑜𝑤!,! = !"#$%!,!!!"#$%&'()*!,!!!"#!!"#$%  !"!,!!!"#!!"#$%  !"#!,!!"#$%&'#())'#)!,!!!                     (3) 
Similarly, following Ben-Rephael et al. (2012), we compute the net exchange into asset class 
i in month t as: 𝑁𝑒𝑡  𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒!,! = !"#!!"#$%&"!,!!!"#!!"#$%&'(!,!!"#$%&'#())'#)!,!!!     (4) 
In our empirical tests, Net Exchangei,t, captures the net exchange from fund category i (i.e., 
equities) into all the remaining i–1 categories (i.e., bonds, etc) at time t, using the 
categorization of Kamstra et al (2014), shown in Table 1. As explained in Ben-Rephael et al. 
	  9	  
	  
(2012) and Kamstra et al. (2014), since “exchanges in” and “exchanges out” are transfers of 
already invested capital between different types of funds managed by the same investment 
house, Net Exchangei,t, provides a relative metric of changes in participation for each asset 
class, vis-à-vis all the other asset classes, which is less confounded by other factors, such as 
liquidity considerations, year-end bonuses or changes in savings and consumption behaviours.   
Figure 1 plots the net flows and exchanges for the equity group of funds. Net flows 
and exchanges into equity were very much more volatile before 1993, with a large flow out 
of the equity asset class following the October 1987 crash. Since 1994, net flows and net 
exchanges have been less volatile, but also declining. Table 2 reports summary statistics for 
the net flows and exchanges for the equity asset class. The average net flow is 0.51%, 
representing a substantial increase in total net assets over the sample, while the average net 
exchange is close to zero. Net exchanges are negatively skewed and strongly leptokurtic, 
while net flows have much lower skewness and kurtosis. 
[Figure 1 here] 
 
[Table 2 here] 
 
3.2 Ambiguity 
The notion of ambiguity was initially developed by Knight (1921) and Keynes (1921), and 
describes a situation where the probabilities associated with future states of nature are 
unknown. Ellsberg (1961) was the first to conjecture that people are particularly averse to 
ambiguity, a hypothesis subsequently confirmed by many studies in experimental economics 
and psychology.  
Given the importance of ambiguity on decision making, a large theoretical literature 
in finance and economics has applied the concept to problems of portfolio choice, and was 
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able to resolve many puzzles that could not be explained by the EU model.9 However, despite 
the vast array of theoretical predictions made by these models, there is a paucity of empirical 
work on these issues, mainly because it is difficult to measure ambiguity in financial data. 
However, recent studies such as Anderson et al. (2009) have made significant advances on 
this front, by revisiting the original definitions of ambiguity and designing measures that 
accord with these definitions. For example Ellsberg (1961), in his seminal paper, defined 
ambiguity as follows: “Ambiguity is a subjective variable, but it should be possible to identify 
“objectively” some situations likely to present high ambiguity, by noting situations where 
available information is scanty or obviously unreliable or highly conflicting; or where 
expressed expectations of different individuals differ widely;” Ellsberg (1961, p. 660). 
Ellsberg thus views ambiguity as negatively related to what might be called the “richness” of 
the information that is available to compute the likelihood of interest,10 and suggests two 
broad ways to empirically measure ambiguity: Either by quantifying the richness of the 
information directly; or by inferring this richness indirectly using as an index the 
disagreement between different users of the information set.  
In our study we use the empirical measure of ambiguity proposed by Anderson et al. 
(2009) which is based on the latter approach. This measure reflects disagreement among 
experts regarding aggregate economic performance in the future. Experts analyse the 
available information related to the future prospects of the economy, form a subjective 
probability distribution and report the mean of this distribution as their forecast. A high level 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
9 See Mukerji and Tallon (2001) and Epstein and Schneider (2010) for reviews of this literature. 
10 This view is common among decision theorists. Frisch and Baron (1988) proposed that “ambiguity is 
uncertainty about probability, created by missing information that is relevant and could be known” (P. 1988). 
Einhorn and Hogarth (1985) suggest that ambiguous situations arise when the available information is vague, 
and does not allow one to confidently rule out alternative possibilities, while Gärdenfors and Sahlin (1982, 1983) 
argue that feelings of ambiguity are produced when the relevance of the available information is low.   
	  11	  
	  
of disagreement amongst these experts implies incomplete information regarding the 
generating process and, therefore, increased ambiguity. 11  
The data to calculate this measure are taken from the Federal Reserve’s Survey of 
Professional Forecasters (SPF), which reports the individual forecasts made by large financial 
institutions of a number of U.S. economic and financial variables, for a range of forecast 
horizons including the last quarter (the actual value of which may not have been published at 
the time the forecast is made) and the following four quarters, as well as for annual and 
longer horizons. The forecast data is available on a quarterly basis from 1968, and represents 
the views of between a minimum of nine and a maximum of 74 participants. Following 
Anderson et al. (2009), we use forecasts of aggregate output, the output deflator, and 
corporate profits after taxes.12 Following the procedure in Anderson et al. (2009) we first 
calculate an approximation of the forecast at time t of real aggregate corporate profit at time 
t+1 for forecaster i as: 𝐸!" 𝜋!!! = !!"(!!!!)!!"(!!)!!"(!!!!)                                                           (5) 
where 𝜋! is the real aggregate corporate profit level at time t, 𝑃! is the GDP deflator at time t, 𝜏! is the nominal corporate profit level at time t. 13 We then use the Gordon growth model to 
obtain the implied forecast at time t of the market return at time t+1: 𝐸!" 𝑟!!! = 𝐸!" !!!!!! + 𝜉!"                                                         (6) 
where 𝑞!  is the aggregate market value in the U.S., obtained from the Flow of Funds 
Accounts of the United States, published by the Federal Reserve, 𝜉!" is the forecast at time t 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
11 Antoniou et al. (2014) use the first approach suggested by Ellsberg (1961) and measure ambiguity in the cross 
section of stocks by examining the extent to which analyst earnings forecast accuracy	  (the likelihood of interest 
to decision makers that price earnings forecasts) can be predicted from factors such as analyst ability, forecast 
timeliness, etc. 
12Output is defined as Gross National Product (GNP) before 1992Q1 and Gross Domestic Product (GDP) 
thereafter. Similarly, the output deflator is the GNP deflator before 1992Q1 and the GDP deflator thereafter. 
13 Analysts generally produce forecasts for the previous, current and future quarters. See Appendix A in 
Anderson et al. (2009) for a discussion of issues related to the timing of these forecasts and more details on the 
procedure that we follow here.	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for forecaster i of the gross real growth rate of corporate profits, which as in Anderson et al. 
(2009), is calculated as the approximate forecast gross growth rate from last quarter to three 
quarters ahead:  
𝜉!" = !!"(!!!!)!!"(!!!!)!!"(!!!!)!!"(!!!!) !/!                                                         (7) 
The forecast market return is computed every quarter from 1985 Q1 to 2010 Q4 (i.e., 
the period for which we have available fund flow data), for all available forecasters. We then 
follow Anderson et al. (2009) and calculate the beta-weighted dispersion of the forecast 
market return each quarter across individual forecasters. Define 𝑓! as the number of forecasts 
available in quarter t. In each quarter t, we rank the 𝑓! forecasts from high to low, and assign 
a weight to the ith lowest forecast of: 𝑊!" 𝑣 = !!!!(!!!!!!)!!!!!!!!!!!! (!!!!!!)!!!                                                          (8) 
where the parameter 𝑣 determines the shape of the weight function: if 𝑣 =1 the forecasts are 
equally weighted, while higher values of 𝑣 gives less weight to extreme forecasts. Our 
quarterly ambiguity measure is given by: 𝑎𝑚𝑏! 𝑣 = 𝑊!" 𝑣 [𝑥!"!!|! − 𝑊!" 𝑣 𝑥!"!!|!!!!!! ]!!!!!!                                                                 (9) 
In the empirical analysis, we use 𝑣 = 15.346, which is the value used by Anderson et al. 
(2009). 
As the SPF data are available on a quarterly basis, and the fund flow data are 
available only from 1985, we are left with a small sample of 102 data points, which does not 
allow a powerful test of our hypothesis, especially given the large number of control 
variables that must be included in the regressions. To circumvent this problem we convert the 
quarterly ambiguity series into a monthly series using linear interpolation, and conduct the 
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analysis using monthly data.14 To ensure, however, that this procedure has no implications for 
our conclusions, in our robustness checks, discussed in Section 4.5, we conduct the analysis 
using non-interpolated, quarterly data and obtain very similar results. 
In our models for the flow analysis we consider the change rather than the level of 
ambiguity because our hypothesis is that the degree of equity market participation, as 
measured by total net assets held by mutual funds, is determined by the level of ambiguity, 
and so fund flows, which represent changes in total net assets, are determined by changes in 
ambiguity. In equilibrium, for a given level of ambiguity, fund flows will be zero, and so 
positive (negative) fund flows arise from decreases (increases) in ambiguity.  
Panel A in Figure 2 plots the quarterly ambiguity measure and Panel B the changes in 
the monthly interpolated series. Both measures produce spikes in the mid-1980s to mid-1990s 
and in the 2000s. Table 2 reports summary statistics for the constructed ambiguity series and 
for changes in the monthly, interpolated series. Both series are moderately positively skewed 
and leptokurtic.15 
[Figure 2 here] 
3.3 Control Variables 
To ensure that the ambiguity measure is not just capturing risk, we include a measure of 
conditional volatility in the model. In particular, following Andersen et al. (2009), we 
compute the weighted average of past daily squared excess market returns, using weights on 
past observations that decline with lag length. The conditional variance is given by: 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
14 Specifically we calculate monthly ambiguity using quarter t and t+1 observations as follows: 𝑎𝑚𝑏!,! =𝑎𝑚𝑏! + !! ∗ 𝑎𝑚𝑏!!! − 𝑎𝑚𝑏! , 𝑖 = 1,2,3, where i stands for the ith  month of quarter t.	  
15 In untabulated analysis, aimed at identifying the factors that affect ambiguity on the macro-level, we regress 
the level of ambiguity in quarter t+1 on the following variables measured at quarter t: an NBER recession 
dummy, the unemployment rate, changes in consumption, the default spread, the term spread and value-
weighted market returns. We find that that the coefficient on the recession dummy is positive and significant at 
the 5% level, indicating that ambiguity is higher in recessions. This result is consistent with Anderson et al. 
(2009, Figure 3 Panel B). These results are available from the authors upon request. 
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𝑐𝑣𝑎𝑟! 𝜔 = 𝑠 𝑙! 𝜔!!!! 𝑟!",! − 1𝑠 𝑟!",!!!!! ! + 2𝑠
∗ 𝑙! 𝜔 𝑙!!! 𝜔!!!!!! × 𝑟!",! − 1𝑠 𝑟!",!!!!! 𝑟!",!!! − 1𝑠 𝑟!",!!!!!  
(10) 
where 𝑟!",! is the market excess return at ith lag, which is computed as the daily Center for 
Research in Security Prices (CRSP) value-weighted index (series VWRETD) return minus 
the daily return of the three month T-bill, and 𝑙!(𝜔) indicates the weight attached on the ith 
lag.16  
Figure 3 Panel A plots the monthly conditional variance together with the monthly 
ambiguity against time, for the period March 1985 to December 2010. It is clear that the two 
series capture different dimensions of the market, with several periods when ambiguity is 
high but conditional variance is low, and vice versa. This conclusion can also be seen from 
Panel B of Figure 3 which presents a scatterplot of ambiguity and risk.   
Table 2 reports summary statistics for the conditional variance. As expected, the 
conditional variance is highly positively skewed and leptokurtic. As with ambiguity, we use 
the changes in monthly conditional variance in our regression, and Table 2 reports the 
descriptive statistics for this series. It can be seen that changes in conditional variance are 
also positively skewed and leptokurtic. 
[Figure 3 here] 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
16	  The weight for ith lag is given by 𝑙! 𝜔 = !!!!! !!!!!! !!!!! , where s is the minimum number of available trading 
days for the previous 12 months over the entire sample, and the parameter 𝜔 determines the speed at which the 
weights decline as the lag length increases. In the empirical analysis, we follow Anderson et al. (2009) and use 𝜔 = 14.939.  
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There are a number of other factors that have been shown to be important in 
explaining mutual fund flows, including past fund returns (Ippolito, 1992; Sirri and Tufano, 
1998), capital gains (Kamstra et al., 2014), past flows (Ben-Rephael et al., 2011), seasonal 
effects (Kamstra et al., 2014), advertising expenses (Gallaher, et al., 2006), past market 
returns (Ben-Rephael, et al., 2012) and savings (Kamstra et al., 2014). Following Kamstra et 
al (2014) we capture serial correlation in fund flows by including lagged monthly net flows 
and net exchanges for the past one, two and three months.17 We include the personal savings 
rate from the Bureau of Economic Analysis (series PSAVERT). The data on capital gains and 
advertising costs is from Kamstra et al. (2014).18 We include the aggregate return of the 
equity fund group over the previous 12 months to capture return-chasing behaviour and, 
following Ben-Rephael et al. (2011) and Oh and Parwada (2007), we also include the 
aggregate market return over the last three months, from t–3 to t–1. Since transaction costs 
and liquidity needs have been linked to stock market participation decisions, we include the 
measure of illiquidity proposed by Amihud (2002) in our regressions, which captures the 
responsiveness of prices to trading volume. Following Amihud (2002), we calculate for each 
individual stock 𝑖 an illiquidity measure in month t, and then take the value-weighted average 
as our measure of market level illiquidity. In our regressions we use the rolling average over 
the previous three months, from t–3 to t–1.  
Finally, we include dummy variables for the months of November, December, 
January and February to capture the year-end effect. Table 2 reports summary statistics for 
the control variables over the period March 1985 to December 2010. Table 3 reports the 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
17 This lag structure is sufficient to reject the presence of autocorrelation for the majority of our models. For 
some of the models in in Tables 7 and 9 we add additional lags, and the details are provided in the caption for 
those tables.  
18 The data on capital gains is from Table 1 of Kamstra et al. (2014), and we would like to thank the authors for 
kindly providing us with the data on advertising expenses.  
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correlations between the variables, and we can see that the change in ambiguity is negatively 
correlated with both net fund flows and net fund exchanges.  
[Table 3 here] 
The regression for net flows is given by:  𝑛𝑒𝑡𝑓𝑙𝑜𝑤! = 𝑎! + 𝑎!∆𝑎𝑚𝑏! + 𝑎!∆𝑐𝑣𝑎𝑟! + 𝑎!𝑎𝑑𝑣! + 𝑎!𝑐𝑎𝑝!   + 𝑎!𝑟𝑓𝑢𝑛𝑑!!!",!!!+ 𝑎!𝑟𝑚𝑘𝑡!!!,!!! +   𝑎!𝑛𝑒𝑡𝑓𝑙𝑜𝑤!!! + 𝑎!𝑛𝑒𝑡𝑓𝑙𝑜𝑤!!!+ 𝑎!𝑛𝑒𝑡𝑓𝑙𝑜𝑤!!!+𝑎!"𝑠𝑎𝑣!+ 𝑎!!𝐼𝑙𝑞!!!,!!!+  𝑎!"𝐽𝑎𝑛!+  𝑎!"𝐹𝑒𝑏!+  𝑎!"𝑁𝑜𝑣!+  𝑎!"𝐷𝑒𝑐!+𝜀! 
              
(11) 
where  𝑎𝑑𝑣! is the aggregate cost of print advertising across all funds divided by the previous 
year’s total advertising cost, 𝑐𝑎𝑝!  is the capital gains, 𝑠𝑎𝑣!  is the personal savings rate, 𝑟𝑓𝑢𝑛𝑑!!!",!!! is the aggregate fund return of the previous year, 𝑟𝑚𝑘𝑡!!!,!!! is the return on 
the value-weighted CRSP index over the last 3 months. 𝐼𝑙𝑞!!!,!!! is the average market 
illiquidity from the previous three months, and 𝐽𝑎𝑛! , 𝐹𝑒𝑏! , 𝑁𝑜𝑣! , and 𝐷𝑒𝑐!  are dummy 
variables that are equal to one in the respective month and zero otherwise.  
For net exchanges, we estimate a similar model, but exclude the savings variable and 
the seasonal dummy variables. The model for net exchanges is therefore given by: 𝑛𝑒𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒!               = 𝑎! + 𝑎!∆𝑎𝑚𝑏! + 𝑎!∆𝑐𝑣𝑎𝑟! + 𝑎!𝑎𝑑𝑣! + 𝑎!𝑐𝑎𝑝!   + 𝑎!𝑟𝑓𝑢𝑛𝑑!!!",!!!   + 𝑎!𝑟𝑚𝑘𝑡!!!,!!! + 𝑎!𝑛𝑒𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒!!! + 𝑎!𝑛𝑒𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒!!!+ 𝑎!𝑛𝑒𝑡𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒!!!+𝑎!"𝐼𝑙𝑞!!!,!!!    !!!                                                                                                                                   
 
(12) 
We estimate models 11 and 12 as a system of equations using the Generalized Method of 
Moments (GMM) (Hansen, 1982), with heteroscedasticity and autocorrelation consistent 
standard errors following the procedure from Newey and West (1987, 1994).19 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
19 We use the Bartlett kernel where the autocovariance lag structure is equal to 4*(N/100)2/9, where N is the 
number of observations in the regression. The instruments in each regression model include the full set of 
independent variables.  
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According to our hypotheses derived in Section 2, in both the above models the 
coefficient on changes in ambiguity should be negative and significant, i.e.,𝛼! < 0, indicating 
that when ambiguity increases, equities experience capital outflows. 
4. Results 
4.1 Ambiguity and Equity Fund Flows 
Panel A of Table 4 reports the results of estimating equation (11) for net flows for the equity 
asset class. The coefficient on the change in ambiguity is negative and significant at 
conventional levels (-1359.33, p= 0.00). Therefore, in support of our hypothesis, an increase 
in ambiguity is associated with a net outflow of capital from equity mutual funds. Changes in 
conditional variance have a negative but insignificant impact on net flows (-2.21, p =0.41). 
Capital gains and market returns are negatively related to flows. The market return result may 
reflect that investors, after periods of market gains, withdraw capital from equities to lock in 
their profits. Lagged net fund flows are positive and significant, showing that flows are 
autocorrelated, consistent with the findings in previous studies (e.g. Kamstra et al., 2014). 
The savings variable has a significantly positive coefficient, which is consistent with a ‘free 
cash flow’ effect on fund flows, and the seasonal dummies are positive and significant, which 
suggests that there is systematic temporal variation in flows.  
[Table 4 here] 
Panel B of Table 4 reports the results from estimating equation (12) for net exchanges 
for the equity asset class. As with net flows, changes in ambiguity are negatively associated 
with net exchanges, and this relationship is statistically significant (-502.43, p=0.01). 
Changes in risk also have a negative and significant impact in this model (-2.12, p=0.02). 
Capital gains are positively related to flows, and similarly to the net flows model lagged 
exchanges are generally positive and significant.  
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These results suggest that an increase in ambiguity has a negative and statistically 
significant impact on net flows and net exchanges, supporting our hypothesis that increases in 
ambiguity lead to a reduction in equity market participation. Moreover, while there is a clear 
link between ambiguity and net fund flows and exchanges, the impact of risk is weaker, as it 
is significant only when participation is measured with net exchanges. These results are 
consistent with Anderson et al. (2009), who show that excess market returns have a strong 
positive association with ambiguity, but a much weaker association with conditional variance, 
which broadly implies that investors’ risk aversion may be dominated by their ambiguity 
aversion.  
To gauge the economic significance of our results, note that the standard deviation of 
the ambiguity measure is 0.0013 and the average total net assets for equity funds is $1.9 
trillion; consequently, a one standard deviation change in ambiguity will on average yield a 
net flow of $1.7 billion and a net exchange of $0.05 billion.  
These findings are relevant for fund managers, who are compensated according to the 
capital they manage. Since ambiguity can cause volatility to the value of their asset base, it 
can affect their compensation. Perhaps if managers take measures to reduce perceptions of 
ambiguity amongst investors, their welfare would be improved. Such measures could also 
improve the welfare of investors, because they can reduce their transaction costs, which have 
been shown to be detrimental to their performance (i.e., Barber and Odean, 2000). However, 
it is not yet clear, how or whether this can be effectively achieved.20  
4.2 Ambiguity and Different Equity Styles 
The results in the previous section show that ambiguity adversely affects overall stock market 
participation. In this section we examine the relationship between ambiguity and fund flows 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
20	  Easley and O’Hara (2010) show that changes in regulation can affect perceptions of ambiguity and portfolio 
choice.	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for the five investment objective categories separately: ‘aggressive growth’, ‘growth’, 
‘sector’, ‘growth and income’ and ‘income equity’.21 According to the ICI definitions, 
‘aggressive growth’ and ‘growth’ funds invest in riskier, non-dividend paying stocks with a 
focus on capital gains, whereas funds in the remaining three categories focus on less risky, 
dividend-paying stocks (ICI Factbook, 2012). Even though information about holdings is 
coarse, one could argue that ambiguity will generally be higher for ‘aggressive growth’ and 
‘growth’ funds, which invest in assets that make “irregular” payments via capital gains, 
which are difficult to foresee. Conversely, funds that invest more in dividend-payers, which 
make smoother payments due to the well-known “stickiness” of dividend policy (e.g., Denis 
and Osobov, 2008), may be perceived as less ambiguous. 
The results for net flows are shown in Panel A of Table 5. For brevity, the table 
reports only the estimated coefficient on the change in ambiguity. For the ‘aggressive growth’, 
‘growth’ and ‘growth and income’ categories, the coefficient on the change in ambiguity is 
negative and highly statistically significant. For the ‘income equity’ category, the coefficient 
is negative but not significant, while for the ‘sector’ category, the coefficient is 
insignificantly positive. The results for net exchanges are shown in Panel B of Table 5. For 
the ‘aggressive growth’, ‘growth’ and ‘income equity’, the coefficient on the change in 
ambiguity is negative and highly statistically significant. For the ‘growth and income’ 
category it is negative, and for the ‘sector’ category it is positive, but in both cases, 
significant only on the 10% level.  
Overall the results in this section suggest that the flows for all types of funds (apart 
from ‘sector’ funds), are negatively related to ambiguity. However, this relationship is much 
more robust for the ‘growth’ and ‘aggressive growth’ funds, where ambiguity is negative and 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
21 The variables that control for aggregate market characteristics (i.e., risk, returns and liquidity) are the same as 
those in the baseline model. 
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highly significant for both the net flows and net exchanges models. This finding suggests that 
such funds, which tend to pursue capital gains, are perceived as more ambiguous by the 
market, and thus eschewed more strongly in periods of high ambiguity.  
 [Table 5 here] 
4.3 Ambiguity and non-Equity Fund Flows 
In this section we examine the relationship between changes in ambiguity and flows in funds 
that invest in non-equity asset classes, namely hybrid, government and corporate fixed 
income and money market.  
Table 6 reports the estimated coefficient on the change in ambiguity from the net 
flows (Panel A) and net exchanges (Panel B) model. For both the net flows and net 
exchanges, the coefficient on ambiguity is negative and generally significant for all fund 
families, except for the money market fund family where the coefficient is positive. Thus, as 
ambiguity increases, investors withdraw capital from both equity and fixed income funds and 
reinvest, at least partially, in money market funds, which, according to the ICI Factbook 
(2012), invest in low risk, high-grade assets that receive full principal and interest within 90 
days on average. However, the results related to net exchanges from government fixed 
income funds and money market funds should be treated with caution because in those 
models the null hypothesis of no autocorrelation in the residuals is rejected at the 5% 
confidence level.    
[Table 6 here] 
4.4 Ambiguity and Short Selling 
Our analysis thus far relies on analysing stock participation via mutual funds, which are 
generally restricted from taking short positions. It is possible that our ambiguity measure is 
only picking up pessimism in beliefs and so when this measure is high, pessimistic SEU 
agents (not ambiguity averse) withdraw their long positions (i.e., withdraw their money from 
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mutual funds), and initiate short positions on their own, leaving overall market participation 
unchanged. Although this explanation is unlikely given that individual investors are reluctant 
to sell short (Barber and Odean, 2008), we conduct some analysis in this section to rule it out. 
In particular, we examine the relationship between aggregate short selling activities in the 
market and our ambiguity proxy. Using data from COMPUSTAT for the period 1985-2010 
we calculate the aggregate value-weighted short-ratio (the number of shares held short at time 
t divided by the number of shares outstanding at time t), and then estimate an OLS model, 
regressing the change in ambiguity on the change in this variable. In unreported analysis, 
available upon request, we obtain a negative coefficient that is marginally statistically 
significant (Newey-West adjusted p-value < 0.07). This means that increases in ambiguity 
reduce short positions in the stock market, which in turn implies that ambiguity is negatively 
related to overall market participation, as predicted by the theoretical literature (e.g., Dow 
and Werlang, 1992; Epstein and Schneider, 2010). 
4.5 Robustness 
As discussed in the methodology section, we use linear interpolation for the ambiguity 
measure to obtain monthly estimates and hence increase the power of our tests. In this section 
we estimate the models given by (11) and (12) using non-interpolated, quarterly data. We 
continue to use Newey and West (1987, 1994) heteroscedasticity and autocorrelation 
consistent standard errors, and estimate (11) and (12) as a system of equations for the 
different fund families using GMM.  
Net flows and exchanges are calculated on a quarterly basis. The changes in 
ambiguity and conditional variance are equal to ∆𝑄𝑐𝑣𝑎𝑟! = 𝑐𝑣𝑎𝑟! − 𝑐𝑣𝑎𝑟!!!  and  ∆𝑄𝑎𝑚𝑏! =𝑎𝑚𝑏! − 𝑎𝑚𝑏!!!, respectively. Quarterly capital gains, savings and advertising costs are 
equal to the sum of the monthly values over each quarter. Lagged market return, illiquidity 
premium and fund return are defined as previously.   
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The results for these quarterly regressions are shown in Table 7. Even though the 
number of observations in these models is reduced threefold, we still find that increases in 
ambiguity are negatively and significantly related to both fund flows (Panel A: -1483.41, p-
value=0.00) and fund exchanges (Panel B:-684.93, p-value=0.00). In this model the risk 
variable is also negative and statistically significant for both the net flows (-38.63, p-
value=0.01) and net exchanges models (-28.95, p-value=0.00). The other relationships are 
generally similar as those in Table 4, with the exception of the past market and fund returns 
variables, which have a positive and significant effect for both the net flows and net 
exchanges models.22  
[Table 7 here] 
A concern with the ambiguity index is that it may be related to time-varying 
“sentiment” toward the stock market, which has been shown to affect equity investments 
through mutual funds (Ben-Rephael et al., 2012). To control for this possibility we estimate 
an expanded version of our baseline model, controlling for the sentiment index of Baker and 
Wurgler (2006), and the median forecast from the SPF data. Both of these variables help to 
capture investors’ outlook toward the stock market, and therefore ensure that our findings are 
not merely reflecting the effects of investor sentiment on stock market participation.  
The results from estimating this expanded model are shown in Table 8. In this 
specification the ambiguity variable remains negative and significant, for both the net flows  
(-1555.42, p-value=0.00) and net exchanges model (-542.09, p-value=0.01). The sentiment 
variables are insignificant for both the net flows and net exchanges models.  Overall the 
results in Table 8 suggest that our baseline findings are not just capturing the effect of 
investor sentiment toward the stock market. 
[Table 8 here] 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
22 This may reflect that flows calculated over longer periods are chasing market and fund returns.  
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We continue to repeat the analysis in Table 4 using four different specifications for 
risk to ensure that our findings are robust. The first alternative risk measure we use is realized 
volatility, calculated as the sum of daily squared market returns, using the CRSP value-
weighted return series. In addition, we use two GARCH models to forecast market return 
volatility. The first is a GARCH-M model, that forecasts volatility conditional on it past 
realizations, and the second is a GJR GARCH model, which allows for asymmetric temporal 
relationships in volatility during upturn and downturn markets due to leverage effects. We 
follow Glosten, Jaganathan and Runkle (1993) to specify these models, which we estimate in 
the full sample, and then use the estimated coefficients to produce forecasts for volatility in 
month t+1, which we use to define the independent risk variables in our regressions. Our last 
variable is the CBOE market volatility index (series VXO),23 which captures expectations 
about future volatility of aggregate market returns. Due to data availability on the volatility 
index the time period for this test is slightly shorter, from 1986-2010. We estimate the model 
from Table 4 for both net flows and net exchanges, replacing our original risk measure with 
these alternative definitions. 
 The results are shown in Table 9. For brevity, we report results only for the 
coefficients on the change in ambiguity and risk. As seen in Table 9, the risk specifications 
have the expected negative sign, and are generally statistically significant, consistent with our 
previous findings. The GARCH models seem to perform better than the realized variance 
model, which suggests that conditional estimates of volatility produce a better model for 
perceived risk.  The risk variable is also negative and highly statistically significant when it is 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
23 The VXO and VIX versions of the volatility index series are interchangeable, with a correlation of 99%. We 
use the VXO series in our analysis because it is available for a longer time period. Our results are robust 
however to a specification of the volatility index based on both the VXO and VIX following the procedure in 
Whaley (2009, footnote 9). These results are available from the authors upon request.  
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measured using the VXO index.24 Importantly, ambiguity continues to exert a negative and 
significant effect on both net flows and net exchanges for all models, regardless of the 
volatility variable used, which indicates that our findings are robust to different risk 
specifications.  
[Table 9 here] 
5. Ambiguity and the Proportion of Households that Invest in Stocks  
In this section we examine whether ambiguity affects the proportion of households that invest 
in stocks. To answer this question we use data from the Survey of Consumer Finances (SCF), 
obtained from the Board of Governors of the Federal Reserve. This survey is conducted every 
three years since 1989, and gathers demographic and financial information from a large 
number of different households. In our sample we include data from eight different surveys, 
ending in 2010. This survey has been used extensively in academic research (e.g., 
Malmendier and Nagel, 2011). 
 We estimate a logistic model, where the dependent variable, stocki,t, is a binary 
indicator, set to 1 if individual i from cohort t owns equities, either directly or via mutual 
funds, and zero otherwise. We include the following market-wide variables: The variable of 
interest ambt-1,t-3 reflects the average ambiguity during the three years before year t when the 
survey is conducted and is calculated as per Equation (9). Since our ambiguity variable only 
varies between surveys, this model is essentially testing whether increases in ambiguity 
across time result in a reduction in participation rates across the different cohorts.  Market 
risk, volt-1,t-3  is the corresponding realized volatility based on the return of the CRSP value-
weighted index over the same period. In addition, following the evidence in Li and Yu (2012) 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
24 A caveat worth noting is that some authors have argued that the volatility index does not reflect an unbiased 
forecast of future volatility, but rather is an index of irrational market sentiment (Baker and Wurgler, 2007; 
Kaplanski and Levy, 2010). Therefore, the finding that increases in the VXO lead to decreases in equity 
investments potentially conflates both the effects of “rational” risk aversion and “irrational” biases in beliefs. 
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that investors’ stock investment decisions are anchored to recent trends, we include in the 
models the variable Ancht calculated as the average Dow index price of the last year divided 
by the historical high price of the Dow index. Li and Yu (2012) show that the higher this ratio, 
the higher the valuation of the market, because investors are more willing to invest since the 
market valuation is close to the historical high.     
In our model, we also include the following individual-specific control variables: 
incomei,t (the natural logarithm of income in chained 2010 dollars), risk attitudei,t (three 
dummies which flag whether the individual is willing to capture average, above average or 
substantial financial risk),25 racei,t (a dummy equal to 1 if the household is declared as white 
and 0 otherwise), marriagei,t (a dummy equal to 1 if the individual is married), retiredi,t (a 
dummy equal to 1 if the individual is retired), agei,t (in years) and educationi,t (a dummy 
equal to 1 if the individual has a college degree).26  
The response probability modelled is that the household owns equities conditional on 
the predictors in the vector X outlined above, 𝑝 = Pr 𝑆𝑡𝑜𝑐𝑘 = 1 𝑿 , and the linear logistic 
model is of the form: log !!!! = a+ b′𝑿                                                                                                                                    (14)                                                                                           
where a is the intercept parameter and b is a vector of slope parameters, estimated with 
maximum likelihood. We adjust standard errors for multiple imputations following the 
method of Rubin (1987).	  According to our hypotheses, the coefficient on ambiguity should be 
negative.	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
25 In each survey the household is asked to choose one of the following four options: 1) Not willing to take any 
financial risks, 2) Take average financial risks expecting to earn average returns, 3) Take above average 
financial risks expecting to earn above average returns, and 4) Take substantial financial risks expecting to earn 
substantial returns. We create three dummies, which take the value of 1 if the individual has chosen option 2, 3 
and 4, respectively and 0 otherwise.	  
26	  These variables have been chosen because they can affect portfolio decisions. For example, the effects of 
marital status and race are shown in Barber and Odean (2002) and Kumar (2009), respectively. Moreover, older 
and retired people may have different preferences compared to their younger counterparts who are still in 
employment. Educated people may be in a better position to tap into financial markets.	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The results are shown in Table 10. The control variables have the expected signs: The 
participation rate drops with market volatility, and increases with the anchoring variable. In 
addition, we find the less risk averse the individual, the larger the probability she invests in 
equities. Moreover, individuals who hold a college degree, who are married and are of white 
origin are more likely to participate. Finally, the probability of participation rises with both 
income and age. In terms of the market wide variables, the probability of participation 
increases with market risk and increases with market trends. 
As predicted by the theoretical literature, and in line with the analysis in the previous 
section of the paper, we find that, controlling for various firm and market level variables, 
ambiguity exerts a significant negative influence on the probability that a household invests 
in equities.27 Using marginal effects, we estimate that a one standard deviation increase of 
ambiguity reduces the probability of participation by 4.66% (p<0.01). 
[Table 10 here] 
 
6. Conclusion  
The theoretical literature that analyses portfolio choice in the context of ambiguity robustly 
predicts that stock market participation is negatively affected by stock market ambiguity. In 
this paper we empirically test this prediction. We measure stock market participation in two 
ways: using capital flows in and out of U.S. equity mutual funds using data from the 
Investment Company Institute (ICI), and with the proportion of households that invest in 
equities, estimated using data from the Survey of Consumer Finances (SCF).   
Our measure of market-wide ambiguity is based on a recent study by Anderson et al. 
(2009) and reflects the dispersion in analysts’ implied forecasts about market returns. This 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
27	  This result is robust if we eliminate households with reported income of less than 1000 dollars, and 
households with a head who is younger than 24 or older than 75. 
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measure closely corresponds to the definitions of ambiguity provided by Ellsberg (1961), and 
is in line with various applications of ambiguity in finance (e.g. Hansen and Sargent, 2001; 
Ulrich, 2013; Drechsler, 2012; Shi, 2013). 
Our results show that increases in ambiguity are significantly and negatively related to 
equity fund flows. We find that this relationship is more pronounced for funds classed as 
‘aggressive growth’ or ‘growth’, which tend to invest in more ambiguous assets. The results 
using the SCF analysis data corroborate these findings. Controlling for various household and 
market level factors, we find that higher ambiguity leads to a reduction in the probability that 
the average household owns equities. Overall our findings are supportive of the theoretical 
prediction, that stock market participation is negatively related to ambiguity.  
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Figure 1: Net Flows and Net Exchanges for the Equity Asset Class. 
 
The figure reports the monthly net flows and net exchanges for the equity asset class, which comprises funds 
within the ‘aggressive growth’, ‘growth’, ‘sector’, ‘growth and income’, and ‘income equity’ investment 
objective categories. The data is from ICI and covers the period March 1985 to December 2010. Net flows 
(Panel A) and net exchanges (Panel B) are calculated according to Equations (3) and (4). 
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Figure 2: Ambiguity 
 
The figure reports quarterly ambiguity (Panel A) and the change in monthly ambiguity (Panel B), from 1985 to 
2010. The ambiguity measure reflects the dispersion in forecasts for market returns, obtained using data from 
the Survey of Professional Forecasters. To calculate this measure we follow Anderson et al. (2009), and use 
forecasts of aggregate output, the output deflator, and corporate profits after taxes, which we combine as per 
Equation (9) with v=15.346. Monthly ambiguity is computed from the quarterly measure by linear interpolation. 
Both series are scaled by 100.  
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Figure 3: Ambiguity and Risk over Time. 
 
The figure reports monthly ambiguity (dashed line) and conditional variance of market returns (solid line) from 
March 1985 to December 2010. Conditional variance is calculated following Anderson et al. (2009) using data 
from CRSP. In panel B we produce a scatterplot of ambiguity and risk.  
 
 
 
 
Figure 3: Continued. 
 
Panel B: Scatterplot  
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Table 1: Classification of Mutual Funds 
 
The table reports the categorisation of the ICI fund investment objective categories by asset class, based on 
Kamstra et al. (2014).  
 
Fund Investment Objective Fund Asset Class 
Aggressive Growth Equity 
Growth Equity 
Sector Equity 
Growth and Income Equity 
Income Equity Equity 
Asset Allocation Hybrid 
Balanced Hybrid 
Flexible Portfolio Hybrid 
Income Mixed Hybrid 
Corporate - General Corporate Fixed Income 
Corporate - Intermediate Corporate Fixed Income 
Corporate - Short Term Corporate Fixed Income 
High Yield Corporate Fixed Income 
Strategic Income Corporate Fixed Income 
Government Bond - General Government Fixed Income 
Government Bond - Intermediate Government Fixed Income 
Government Bond - Short Term Government Fixed Income 
Mortgage Backed Government Fixed Income 
State Municipal Bond - General Government Fixed Income 
State Municipal Bond - Short Term Government Fixed Income 
National Municipal Bond - General Government Fixed Income 
National Municipal Bond - Short Term Government Fixed Income 
Taxable Money Market - Government Money Market 
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Table 2: Summary Statistics 
 
The table reports summary statistics for the various variables for the period March 1985 to December 2010. The 
ambiguity measure, 𝑎𝑚𝑏! reflects the dispersion in forecasts for market returns, calculated using data from the 
Survey of Professional Forecasters. To calculate this measure we follow Anderson, et al. (2009), and use 
forecasts of aggregate output, the output deflator, and corporate profits after taxes, which we combine as per 
Equation (9) with v=15.346 multiplied by 100.  𝑐𝑣𝑎𝑟! is conditional variance calculated according to Anderson 
et al (2009). ∆ambt and ∆𝑐𝑣𝑎𝑟!are the change in ambiguity and risk, respectively, 𝑎𝑑𝑣! is the aggregate cost of 
print advertising across all funds, divided by the previous year’s total advertising cost, 𝑐𝑎𝑝!is the capital gains in 
month t, from Kamstra et al. (2014, Table 1). 𝑠𝑎𝑣! is the personal savings rate taken from the Bureau of 
Economic Analysis (series PSAVERT), 𝑟𝑓𝑢𝑛𝑑!!!",!!!is the aggregate return of equity funds over the previous 
12 months, 𝑟𝑚𝑘𝑡!!!,!!!is the return on the CRSP value-weighted index (series VWRETD) over the last 3 
months  and 𝐼𝑙𝑞!!!,!!! is the Amihud liquidity measure aggregated on value-weighted basis and averaged for the 
previous three months. 
 
 Mean Std Skew Kurt Max Min 
Net exchanges 0.000 0.003 -2.149 13.960 0.010 -0.021 
Net flow 0.005 0.007 0.242 1.692 0.035 -0.023 
ambt 0.002 0.001 1.800 4.206 0.008 0.000 
Δambt 0.000 0.001 0.296 5.993 0.002 -0.002 
cvart 0.032 0.051 5.496 38.664 0.485 0.003 
Δcvart 0.000 0.043 4.827 61.813 0.454 -0.276 
rfundt-12,t-1 0.167 0.218 -0.966 0.868 0.583 -0.580 
advt 0.086 0.012 0.811 5.933 0.144 0.038 
capt 8.408 19.446 2.938 6.827 72.000 0.900 
savt 0.049 0.019 0.007 -0.801 0.103 0.009 
rmkt
t-3,t-1
 0.028 0.085 -1.076 2.855 0.264 -0.367 
Ilqt-3,t-1 0.000 0.000 3.015 14.236 0.000 0.000 
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Table 3: Correlations 
 
The table reports the correlation matrix for the various variables for the period March 1985 to December 2010, defined as in 
Table 2.  
 
 Net flows Net exchanges Δambt Δcvart advt capt savt rfundt-12,t-1 rmktt-3,t-1 Ilqt-3,t-1 
Net flows 1 0.655 -0.098 -0.033 0.048 0.158 0.316 0.482 0.210 0.291 
Net exchanges  1 -0.159 -0.035 -0.021 0.058 -0.049 0.059 0.031 0.001 
Δambt   1 -0.017 0.028 -0.003 0.046 0.010 -0.017 -0.018 
Δcvart    1 -0.028 -0.026 0.003 0.001 -0.137 -0.012 
advt     1 -0.007 0.025 0.159 0.074 -0.127 
capt      1 0.006 0.001 -0.072 -0.026 
savt       1 0.206 0.075 0.484 
rfundt-12,t-1        1 0.442 0.203 
rmktt-3,t-1         1 0.050 
Ilqt-3,t-1          1 
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Table 4: Ambiguity and Equity Fund Flows and Exchanges 
 
The table reports the results of estimating the net flows model (Panel A) and the net exchanges model (Panel 
B) for the equity asset class, for the period March 1985 to December 2010. The variables are defined as in 
Table 2. PA is the p-value from a Breusch-Godfrey autocorrelation test. To perform the test we first jointly 
estimate the models shown in equations 11 and 12 for all 5 fund families using GMM, and then use the 
residuals to test whether they exhibit autocorrelation up to the sixth lag. PO is the p-value from a test of over-
identifying restrictions. Standard errors are adjusted for autocorrelation and heteroscedasticity using the 
Newey-West (1994) estimator. The classification of mutual funds is based on Kamstra et.al (2014), and is 
shown in Table 1. All coefficients and standard errors are multiplied by 1000. 
 
Panel A. Net flows 
 Estimate Std Err t statistic prob>t 
Intercept -0.75 1.08 -0.69 0.49 
Δambt -1359.33 323.70 -4.21 0.00 
Δcvart -2.21 2.69 -0.82 0.41 
advt 2.03 10.80 0.19 0.85 
capt -0.46 0.21 -2.23 0.03 
rfundt-12,t-1 0.57 0.53 1.09 0.28 
rmktt-3,t-1 -3.50 1.72 -2.04 0.04 
Net flow t-1 357.39 40.70 8.78 0.00 
Net flow t-2 145.02 73.20 1.98 0.05 
Net flow t-3 303.99 32.10 9.46 0.00 
savt 30.48 10.50 2.89 0.00 
Ilqt-3,t-1 14884.77 20389.20 0.73 0.47 
Jant 1.20 0.63 1.89 0.06 
Febt 0.00 0.56 0.00 1.00 
Novt 5.03 1.70 2.96 0.00 
Dect 37.96 14.60 2.60 0.01 
N 309 Adj. R2 0.52  
PA 0.09 PO 0.99  
Panel B. Net exchanges 
Intercept -0.23 0.47 -0.49 0.62 
Δambt -502.43 204.10 -2.46 0.01 
Δcvart -2.12 0.94 -2.27 0.02 
advt -1.90 5.37 -0.35 0.72 
capt 0.01 0.00 3.05 0.00 
rfundt-12,t-1 0.28 0.22 1.28 0.20 
rmktt-3,t-1 -1.02 0.81 -1.25 0.21 
Net exchange t-1 71.06 24.00 2.96 0.00 
Net exchange t-2 10.36 21.80 0.47 0.64 
Net exchange t-3 213.28 23.30 9.14 0.00 
Ilqt-3,t-1 -0.23 0.47 0.50 0.62 
N 309 Adj. R2 0.04  
PA 0.17 PO 0.99  
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Table 5: Ambiguity and Different Style Equity Funds 
 
The table reports the estimated coefficient on the change in ambiguity for each when we estimate the models 
net flows (Panel A) and net exchanges models (Panel B) for the different style equity funds separately for the 
period March 1985 to December 2010. The variables are defined as in Table 2. PA is the p-value from a 
Breusch-Godfrey autocorrelation test. To perform the test we first jointly estimate the models shown in 
equations 11 and 12 for all 5 equity categories using GMM, and then use the residuals to test whether they 
exhibit autocorrelation up to the sixth lag. PO is the p-value from a test of over-identifying restrictions. 
Standard errors are adjusted for autocorrelation and heteroscedasticity using the Newey-West (1994) 
estimator. The classification of mutual funds is based on Kamstra et al. (2014), and is shown in Table 1. All 
coefficients and standard errors are multiplied by 1000. 
 
 
Panel A: Net flow  
Fund Style Estimate Std Err t statistic prob>t N Adj. R2 PA 
Aggressive Growth -2939.61 931.40 -3.16 0.00 309 0.41 0.75 
Growth -1446.01 482.50 -3.00 0.00 309 0.36 0.20 
Growth and Income -558.95 198.40 -2.82 0.01 309 0.66 0.92 
Income Equity -502.37 309.00 -1.63 0.11 309 0.75 0.86 
Sector 1465.36 1264.40 1.16 0.25 309 0.17 0.31 
PO 0.99       
Panel B: Net exchanges  
Aggressive Growth -1973.21 689.00 -2.86 0.00 309 0.16 0.17 
Growth -831.71 285.70 -2.91 0.00 309 0.13 0.13 
Growth and Income -162.82 89.00 -1.83 0.07 309 0.25 0.03 
Income Equity -333.22 141.00 -2.36 0.02 309 0.50 0.79 
Sector 1143.76 629.90 1.82 0.07 309 0.07 0.00 
PO 0.99       
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Table 6: Ambiguity and non-Equity Mutual funds 
 
The table reports the estimated coefficient on the change in ambiguity when we estimate the net flows (Panel 
A) and net exchanges models (Panel B) for the non-equity mutual funds separately for the period March 1985 
to December 2010. The variables are defined as in Table 2. PA is the p-value from a Breusch-Godfrey 
autocorrelation test. To perform the test we first jointly estimate the models shown in equations 11 and 12 for 
all 5 fund families using GMM, and then use the residuals to test whether they exhibit autocorrelation up to 
the sixth lag. PO is the p-value from a test of over-identifying restrictions. Standard errors are adjusted for 
autocorrelation and heteroscedasticity using the Newey-West (1994) estimator. The classification of mutual 
funds is based on Kamstra et al. (2014), and is shown in Table 1. All coefficients and standard errors are 
multiplied by 1000. 
 
Panel A: Net flow  
Fund Family Estimate Std Err t statistic prob>t N Adj. R2 PA 
Hybrid -582.00 309.20 -1.88 0.06 309 0.73 0.13 
Government Fixed 
Income -922.56 364.30 -2.53 0.01 309 0.87 0.23 
Corporate Fixed 
Income -1029.34 406.20 -2.53 0.01 309 0.60 0.73 
Money Market 1000.78 636.50 1.57 0.12 309 0.14 0.30 
PO 0.99       
Panel B: Net exchanges  
Hybrid -56.63 41.80 -1.35 0.18 309 0.61 0.13 
Government Fixed 
Income -358.85 139.30 -2.58 0.01 309 0.30 0.03 
Corporate Fixed 
Income -385.64 161.40 -2.39 0.02 309 0.09 0.79 
Money Market 223.50 75.70 2.95 0.00 309 0.04 0.00 
PO 0.99       
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Table 7: Quarterly Regressions 
 
The table reports the results of estimating the net flows model (Panel A) and the net exchanges model (Panel 
B) for the combined equity asset class, for the period March 1985 to December 2010 using non-interpolated 
quarterly data. Net flows and exchanges are calculated on a quarterly basis. The changes in ambiguity and 
conditional variance are equal to ∆𝑄𝑐𝑣𝑎𝑟! = 𝑐𝑣𝑎𝑟! − 𝑐𝑣𝑎𝑟!!!  and  ∆𝑄𝑎𝑚𝑏! = 𝑎𝑚𝑏! − 𝑎𝑚𝑏!!!, respectively. 
Quarterly capital gains, savings and advertising costs are equal to the sum of the monthly values over each 
quarter. Lagged market return, illiquidity premium and fund return are defined as in Table 2. In this table we 
include lags of one and four quarters for the dependent variable. PA is the p-value from a Breusch-Godfrey 
autocorrelation test. To perform the test we first jointly estimate the models shown in equations 11 and 12 for 
all 5 fund families using GMM, and then use the residuals to test whether they exhibit autocorrelation up to 
the sixth lag. PO is the p-value from a test of over-identifying restrictions. Standard errors are adjusted for 
autocorrelation and heteroscedasticity using the Newey-West (1994) estimator. The classification of mutual 
funds is based on Kamstra et al. (2014), and is shown in Table 1. All coefficients and standard errors are 
multiplied by 1000. 
 
 
Panel A. Quarterly Net Flows 
 Estimate Std Err t-statistic prob>t 
Intercept -1.77 4.72 -0.37 0.71 
Δambt -1483.41 355.50 -4.17 0.00 
Δcvart -38.63 14.60 -2.64 0.01 
advt -21.95 19.40 -1.13 0.26 
capt -0.02 0.02 -1.08 0.28 
rfundt-12,t-1 6.62 1.92 3.45 0.00 
rmktt-3,t-1 52.60 5.99 8.78 0.00 
Net flow t-3 630.61 29.50 21.38 0.00 
Net flow t-12 109.35 28.20 3.87 0.00 
Sav t-3,t 42.43 9.05 4.69 0.00 
Ilqt-3,t-1 52067.12 31622.60 1.65 0.10 
Dect 9.81 1.36 7.21 0.00 
N 102 Adj. R2 0.60  
PA 0.45 PO 0.99  
Panel B. Quarterly Net Exchanges 
Intercept 0.80 1.52 0.53 0.60 
Δambt -684.93 195.70 -3.50 0.00 
Δcvart -28.95 4.89 -5.93 0.00 
advt -9.65 5.91 -1.63 0.11 
capt 0.02 0.01 2.77 0.01 
rfundt-12,t-1 1.63 0.83 1.97 0.05 
rmktt-3,t-1 9.26 2.17 4.27 0.00 
Net exchange t-3 230.87 29.60 7.79 0.00 
Net exchange t-12 49.61 38.80 1.28 0.20 
Ilqt-3,t-1 -195.61 15292.70 -0.01 0.99 
N 102 Adj. R2 0.15  
PA 0.36 PO 0.99  
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Table 8: Additional Control Variables 
 
The table reports the results of estimating the net flows model (Panel A) and the net exchanges model (Panel 
B) for the equity asset class, for the period 1986 to 2010. All the variables are defined as in Table 4. Sent is 
the sentiment index of Baker and Wurgler (2007) at time t, orthogonalized to macroeconomic variables, and 
Medforecast is the median SPF forecast at time t. The remaining variables are defined as in Table 2. PA is the 
p-value from a Breusch-Godfrey autocorrelation test. To perform the test we first jointly estimate the models 
shown in equations 11 and 12 for all 5 fund families using GMM, and then use the residuals to test whether 
they exhibit autocorrelation up to the sixth lag. PO is the p-value from a test of over-identifying restrictions. 
Standard errors are adjusted for autocorrelation and heteroscedasticity using the Newey-West (1994) 
estimator. The classification of mutual funds is based on Kamstra et al. (2014), and is shown in Table 1. All 
coefficients and standard errors are multiplied by 1000. 
 
Panel A. Net flows 
 Estimate Std Err t- statistic prob>t Intercept -0.30 1.09 -0.27 0.79 
Δambt -1555.42 350.40 -4.44 0.00 
Δcvart -4.58 2.14 -2.14 0.03 
advt -2.89 10.20 -0.28 0.78 
capt -0.43 0.20 -2.09 0.04 
rfundt-12,t-1 1.03 0.55 1.87 0.06 
rmktt-3,t-1 -4.93 1.84 -2.67 0.01 
Net flow t-1 337.05 26.70 12.63 0.00 
Net flow t-2 218.33 28.60 7.64 0.00 
Net flow t-3 272.92 24.80 11.01 0.00 
savt 26.48 10.80 2.45 0.01 
Ilqt-3,t-1 8142.06 18897.60 0.43 0.67 
Jant 1.50 0.51 2.96 0.00 
Febt -0.25 0.56 -0.45 0.65 
Novt 4.90 1.62 3.03 0.00 
Dect 35.50 14.30 2.48 0.01 
Senti t -0.45 0.28 -1.62 0.11 
Med forecast t 6.62 13.50 0.49 0.62 
N 309 Adj. R2 0.53  
PA 0.09 PO 0.99  
Panel B. Net Exchanges 
Intercept -0.40 0.54 -0.74 0.46 
Δambt -542.09 194.80 -2.78 0.01 
Δcvart -108.38 141.30 -0.77 0.44 
advt -1.25 5.38 -0.23 0.82 
capt 0.01 0.00 3.24 0.00 
rfundt-12,t-1 0.32 0.24 1.35 0.18 
rmktt-3,t-1 -1.20 0.97 -1.23 0.22 
Net exchange t-1 75.86 24.40 3.12 0.00 
Net exchange t-2 9.63 22.30 0.43 0.67 
Net exchange t-3 215.72 25.10 8.61 0.00 
Ilqt-3,t-1 3125.03 5476.40 0.57 0.57 
Senti t -0.12 0.11 -1.08 0.28 
Med forecast t 5.86 7.62 0.77 0.44 
N 309 Adj. R2 0.03  
PA 0.22 PO 0.99  
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Table 9: Different Risk Measures 
 
The table reports the results of estimating the net flows model (Panel A) and the net exchanges model (Panel 
B) for the equity asset class, for the period March 1985 to December 2010. The variables are defined as in 
Table 2. We estimate the models using all controls as in Table 4, and only report results on the coefficients 
on the changes in ambiguity and the changes in risk. In each specification we use a different specification for 
the risk variable: rvt is realized volatility, is the sum of daily squared market returns using the CRSP value 
weighted index. GARCH1 is an in sample forecast of volatility in month t+1 using a simple GARCH model 
specification, and GARCH2 is an in sample forecast of market return volatility in month t+1 using the GJR 
GARCH model specification. The specifications of the GARCH models are taken from Glosten, Jagannathan 
and Runkle (1993). vixt is the VXO index. For each risk measure we use the change from month t-1 and t in 
our models. The fund flow regressions in Panel A where risk is measured using the GARCH models, in 
addition to the controls in Table 4, include a fourth lag of the dependent variable. The fund exchange 
regression in Panel B where risk is measured with VIX, in addition to the controls in Table 4, include a sixth 
lag of the dependent variable. PA is the p-value from a Breusch-Godfrey autocorrelation test. To perform the 
test we first jointly estimate the models shown in equations 11 and 12 for all 5 fund families using GMM 
separately for each risk specification, and then use the residuals to test whether they exhibit autocorrelation 
up to the sixth lag. PO is the p-value from a test of over-identifying restrictions. Standard errors are adjusted 
for autocorrelation and heteroscedasticity using the Newey-West (1994) estimator. The classification of 
mutual funds is based on Kamstra et al. (2014), and is shown in Table 1. All coefficients and standard errors 
are multiplied by 1000. 
 
Panel A. Net flows 
	  	   Estimate Std Err t-statistic prob>t PA N 
Adj. 
R2 PO 
Δambt -1500.67 333.6 -4.50 0.00 0.08 309 0.53 0.99 
Δrvt	   -28.47 14.3 -1.99 0.05         
Δambt -1246.75 281.2 -4.43 0.00 0.09 309 0.53 0.99 
ΔGARCH1,t	   -276.71 134.5 -2.06 0.04         
Δambt -1308.78 285.6 -4.58 0.00 0.11 309 0.53 0.99 
ΔGARCH2,t	   -132.62 36 -3.68 0.00         
Δambt -986.21 244.4 -4.03 0.00 0.61 298 0.65 0.99 
Δvixt	   -0.53 0.04 -12.72 0.00         
Panel B. Net exchanges 
Δambt -498.83 204.3 -2.44 0.02 0.24 309 0.04 0.99 
Δrvt	   -3.1 7.29 -0.43 0.67         
Δambt -512.01 207.4 -2.47 0.01 0.12 309 0.04 0.99 
ΔGARCH1,t	   -209.07 72.7 -2.88 0.00         
Δambt -502.7 209.1 -2.40 0.02 0.11 309 0.04 0.99 
ΔGARCH2,t	   -42.91 15.6 -2.75 0.01         
Δambt -393.28 128.6 -3.06 0.00 0.07 298 0.23 1.00 
Δvixt	   -0.26 0.03 -9.73 0.00         
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Table 10: Ambiguity and the Proportion of Households that Invest in Stocks 
 
In this table we use data from Survey of Consumer Finances which is conducted every three years (1989 to 
2010) to estimate a logistic model where the dependent variable 𝑆𝑀𝑃!,!   is a binary indicator of stock market 
participation of household i.  The ambiguity measure 𝑎𝑚𝑏!!!,!!! reflects the average ambiguity during the 
three years before year t when the survey is conducted. The ambiguity measure is based on dispersion in 
forecasts for market returns, calculated using Equation 9.   𝑣𝑜𝑙!!!,!!!   is the corresponding realized volatility 
based on the return of the CRSP value-weighted index.  𝐴𝑐ℎ! as the average Dow index price of the last 
year/the historical high price of Dow index until last year. The variable 𝑖𝑛𝑐𝑜𝑚𝑒!,! is the logged reported 
income of household for the previous year, chained to 2010 dollars. 𝑟𝑒𝑡𝑖𝑟𝑒𝑚𝑒𝑛𝑡!,!  ,𝑚𝑎𝑟𝑟𝑖𝑎𝑔𝑒!,!  ,𝑒𝑑𝑢!,! 𝑟𝑎𝑐𝑒!,!  are dummy variables that flag whether the individual is in retirement, married, holds a college degree 
and white, respectively. 𝑎𝑔𝑒!,! is the reported age of respondent, and 𝑟𝑖𝑠𝑘𝑗!,!(𝑗 = 2,3,4) is set to 1 if the 
respondent has chosen answers 2, 3 or 4 when asked about her risk preferences (this question is shown in 
footnote 25). Standard errors are adjusted for multiple imputations.  
 
 
 Estimate Std Err Prob>t 
amb -255.48 32.14 0.00 
vol -7.18 1.49 0.00 
ach 0.78 0.17 0.00 
risk2 1.22 0.07 0.00 
risk3 1.14 0.04 0.00 
risk4 1.52 0.05 0.00 
edu 0.73 0.03 0.00 
income 0.62 0.01 0.00 
race 0.71 0.04 0.00 
marriage 0.16 0.04 0.00 
retirement 0.22 0.06 0.00 
age 0.03 0.01 0.00 
N 176160 Pseudo-R2 0.34 
 
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
